Deleterious variants in dihydropyrimidine dehydrogenase (DPD, DPYD gene) can be highly predictive of clinical toxicity to the widely prescribed chemotherapeutic 5-fluorouracil (5-FU). However, there are very limited data pertaining to the functional consequences of the >450 reported no-synonymous DPYD variants. We developed a DPYD-specific variant classifier (DPYD-Varifier) using machine learning and in vitro functional data for 156 missense DPYD variants. The developed model showed 85% accuracy and outperformed other in silico prediction tools. An examination of feature importance within the model provided additional insight into functional aspects of the DPD protein relevant to 5-FU toxicity. In the absence of clinical data for unstudied variants, prediction tools like DPYD-Varifier have great potential to individualize medicine and improve the clinical decision-making process.
Deleterious variants in dihydropyrimidine dehydrogenase (DPD, DPYD gene) can be highly predictive of clinical toxicity to the widely prescribed chemotherapeutic 5-fluorouracil (5-FU). However, there are very limited data pertaining to the functional consequences of the >450 reported no-synonymous DPYD variants. We developed a DPYD-specific variant classifier (DPYD-Varifier) using machine learning and in vitro functional data for 156 missense DPYD variants. The developed model showed 85% accuracy and outperformed other in silico prediction tools. An examination of feature importance within the model provided additional insight into functional aspects of the DPD protein relevant to 5-FU toxicity. In the absence of clinical data for unstudied variants, prediction tools like DPYD-Varifier have great potential to individualize medicine and improve the clinical decision-making process.
Study Highlights WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
þ Adverse responses to chemotherapy remain a significant problem. Deleterious variants in the dihydropyrimidine dehydrogenase gene (DPYD) have been associated with increased risk for 5-fluorouracil (5-FU)-associated toxicity. There are very limited clinical data for most of the 4001 nonsynonymous variants that have been reported in DPYD.
WHAT QUESTION DID THIS STUDY ADDRESS?
þ This study evaluated the performance of a novel in silico classifier DPYD-Varifier that was developed using protein-specific data and the in vitro enzyme activity data from 156 reported DPYD variants.
WHAT THIS STUDY ADDS TO OUR KNOWLEDGE
þ DPYD-Varifier exhibited improved accuracy over existing tools for identifying deleterious DPYD variants that are likely to impair 5-FU catabolism and thus contribute to an increased risk of 5-FU toxicity. By applying this model to large-scale sequence databases, we report the estimated carrier frequencies for deleterious DPYD variants in different racial/geographic populations. HOW THIS MIGHT CHANGE CLINICAL PHARMA-COLOGY OR TRANSLATIONAL SCIENCE þ For patients carrying DPYD variants that lack clinical annotations, DPYD-Varifier can be used to integrate genotype information to guide individualized 5-FU dosing.
5-Fluorouracil (5-FU) is commonly used to treat a wide variety of cancers, including colorectal and breast cancer. Although clinically effective, severe and potentially life-threatening toxicity remains a major limitation. Dihydropyrimidine dehydrogenase (DPD, encoded by the DPYD gene) is the initial and rate-limiting enzyme of 5-FU catabolism and, as such, is a critical determinant of 5-FU toxicity risk. While a few DPYD alleles have been characterized as risk variants, the molecular basis for most toxicity cases remains unknown. There is now strong evidence from a number of large clinical studies and meta-analyses that two missense DPYD variants (encoding p.I560S 1 and p.D949V
2 ) and a splice-site variant (c.190511G>A, also referred to as *2A 3, 4 ) act as valid predictors of 5-FU toxicity risk. More recently, a fourth variant, rs75017182, and the linked haplotype termed HapB3, has been shown to be associated with 5-FU toxicity 5, 6 by moderately reducing the expression of canonical DPYD through alternative splicing. 7 In addition to the aforementioned four well-characterized variants, large-scale sequencing efforts such as the 1000 Genomes Project 8 and the NIH Heart, Lung, and Blood Institute (NHLBI) Exome Sequencing Project (ESP) 9 have greatly expanded our knowledge of the genetic diversity of variants in the coding region for DPYD. There are currently more than 450 missense DPYD variants reported in NCBI dbSNP. 10 Notably, very few of these variants have been studied functionally and/or for clinical association with 5-FU toxicity. Our lab has recently developed and utilized recombinant cellular model systems to examine the DPD enzyme activity of missense DPYD variants. [11] [12] [13] Data from these studies suggest that 41% of DPYD variants reduce DPD enzyme activity and, therefore, likely contribute to increased risk of 5-FU toxicity. 11 Notably, these missense variants are more prevalent in non-Caucasian populations, which have been historically underrepresented in clinical studies. 11, 12 With continued progress in next-generation sequencing technologies, the number of variants with potential clinical relevance to 5-FU toxicity is expected to increase.
Given the rarity and unequal racial distribution of most DPYD variants, it is not feasible to conduct statistically powered clinical studies or association analyses. Therefore, in vitro and computational methods provide attractive alternatives to identify toxicity-associated variants. The primary goal of the present study was to develop a highly accurate in silico classifier to predict the functional impact of DPYD variants on DPD activity. To accomplish this, we measured the in vitro enzyme activity of 69 DPYD variants, which was combined with previous data from 87 variants. [11] [12] [13] [14] The developed multiparameter gene-specific classifier, which we named DPYD-Varifier (DPYD-specific variant classifier) showed improved accuracy over existing in silico tools. In addition to acting as a classifier, the model also provided key insight into the features that contribute to DPD function.
RESULTS

Enzyme activity of DPYD variants
We previously reported the functional effects of 87 DPYD variants. [11] [12] [13] [14] To generate data from an adequate number of variants on which to build a prediction model, we tested the relative DPD activity of all additional 69 variants that were reported in the 1000 Genomes Project Phase 3 Browser 8 and the Exome Sequencing Project 9 at the time of this study using previously described methods. 11, 13 As such, all variants from these two sources were tested. A 30% reduction in activity was chosen as a threshold for the binary classification of variants as "deleterious." This threshold was chosen because all variants with enzyme activities below 70% showed significant differences (P < 0.05) from wildtype DPD.
Of the 69 variants tested, 25 (36%) showed a 30% or greater reduction in activity compared to wildtype DPD ( Figure 1a and Supplementary Table S1 ). Of the 25 deleterious variants, nine exhibited DPD activities that were less than 15% of wildtype activity (K63E, R208Q, I281T, A549P, M680T, G795R, T737I, I948N, and H978Q). Eight variants showed modest reductions that were 15-35% of wildtype activity (M77V, C87F, Q156R, I560N, T573I, R692W, G767V, and S994T). Eight additional variants had moderate to mild reductions in DPD activity that were 35-70% of wildtype activity (T132S, V586A, G603E, K616Q, S644N, G676E, V714A, and A777D). The activities of the remaining 44 variants were greater than 70% of wildtype DPD activity, and these variants were therefore considered neutral even if P-values were less than 0.05. To confirm that the measurements of DPD activity were not specific to the cell type used to produce protein, the results for selected variants (*2A, p.Y186C, p.I560S, p.D949V, and p.H978Q) and wildtype DPD were measured in a second cell line. DPD activities were similar for variants regardless of whether they were expressed in HEK293T cells or HCT116 cells (r 2 5 0.98, P 5 1.20310 -4 ; Figure 1b ).
Cellular sensitivity to 5-FU conferred by DPYD variants
To confirm that changes in in vitro DPD activity translated to altered cellular sensitivity to 5-FU, we determined the IC 50 for 5-FU in cells expressing DPYD variants. All 25 deleterious variants were tested, along with 22 randomly selected neutral variants and the 5-FU toxicity-associated variants *2A, p.I560S, and p.D949V. Dose-response curves for *2A, p.I560S, p.D949V, and wildtype DPD showed a gradient that mirrored the results observed for DPD activity in vitro (Figure 1c) . A strong positive correlation between in vitro DPD activity and 5-FU IC 50 was observed (r 2 5 0.79, P 5 8.45310 -19 ; Figure 1d ).
Performance of existing in silico prediction tools
The accuracy of eight in silico tools (PROVEAN, 15 SIFT, 15 PolyPhen-2, 16 FATHMM, 17 PhD-SNP, 18 SNP&GO, 19 UMDPredictor, 20 and MutantAssessor 21 ) for predicting the function of 156 DPYD variants characterized in the present and previous studies [11] [12] [13] [14] was assessed. PhD-SNP and PolyPhen-2 were the most accurate algorithms; however, all were <71% accurate when default score thresholds were used ( Figure 2a , gray bars, and Supplementary Table S2 ). Additionally, the Matthews correlation coefficient (MCC), which is insensitive to unequal sample sizes in deleterious and neutral groups, 22 was computed at each method's default score threshold (Supplementary Table S2 ). Based on MCC, PROVEAN and PhD-SNP performed better than other tools (Supplementary Table S2 ).
To assess if any of the tools were biased toward sensitivity or specificity at the expense of the other parameter, we determined the area under the receiver operating characteristic (ROC) curve (AUC) for each tool (Figure 2b ). Discrepancies were noted between AUC and accuracy estimates, prompting us to identify the optimized threshold where sensitivity and specificity intersect for each tool (Supplementary Figure S1) . Except for PhD-SNP, which utilized the optimized threshold by default, balancing sensitivity and specificity improved the accuracy of the tools (Figure 2a Table S2 ).
Developing a DPYD-specific variant classifier (DPYD-Varifier)
Because existing in silico prediction tools were developed using data from multiple proteins, we reasoned that a model with a narrow focus on a single gene/protein would improve accuracy. To build our classifier, we trained a random forest model using in vitro DPD activity data from the 156 DPYD variants described above. Fifteen features of the DPD protein, including amino acid coordinates, 3D structural information, and changes in amino acid properties, [23] [24] [25] were used to split the random forest nodes ( Figure 3 and Supplementary Table S3 ). Stratified sampling was used to avoid bias caused by unequal sample sizes in the deleterious and neutral groups. Grid searching was used to optimize the training parameters described below. The total number of trees was set to 200. The number of variables randomly sampled as candidates at each split was set to 1, and the node size was set VOLUME 104 NUMBER 4 | October 2018 | www.cpt-journal.comto 5. In the developed model, the most important features (indicated by mean decrease in Gini coefficients) were the amino acid conservation score and the distances to the substrate-, iron sulfur cluster 1 (FeS-I)-, flavin mononucleotide (FMN)-, and flavin adenine dinucleotide (FAD)-binding domains ( Figure 4a) .
To measure the performance of the classifier algorithm, we used a leave-one-out cross-validation approach. To compare this classifier to the other prediction tools, we measured performance as the AUC (Figure 4b ), the percent of accurate predictions Table S2 ). DPYDVarifier was 85% accurate by both AUC (Figure 4b ) and percent accurate predictions (Figure 4c ), which was higher than any other tool tested. The MCC value for DPYD-Varifier (0.65) was also higher than other tools (Supplementary Table S2 ). To determine if DPYD-Varifier lacked any significant features inherent in the three other in silico models that performed the best (see Figure 2a ), we constructed three additional classifiers using the PROVEAN, SIFT, and PolyPhen-2 scores as a 16 th feature. The A549P  I948N  H978Q  K63E  R208Q  M680T  I281T  T737I  I560N  G767V  T573I  Q156R  M77V  R692W  C87F  S994T  V586A  K616Q  S644N  T132S  G603E  A777D  V714A  G676E  I843V  I868M  E828Q  P1023S  T594N  R410W  R867C  K114N  K655E  WT   DPD activity   V691L  V812I  D424E  T298K  K219R  R410Q  S436T  I190V  V464A  K446T  I97T  S175L  P374S  G936C  C622Y  E378Q  V483I  L247I  D634G  M115I  D1000N  V427A  P174R  V738L  G258S   r Figure S2D) .
Independent validation of the novel classifier
DPYD-Varifier was used to predict the functional effects of all additional 295 germline variants reported in dbSNP. 10 Within this dataset, 30% of variants (n 5 89) were predicted to be deleterious (Supplementary Table S4 ). As an independent assessment of accuracy for DPYD-Varifier, we randomly selected 25 deleterious and 18 neutral variants from this group for further analysis (Figure 4d ). When the predictions were compared to in vitro enzyme activity, the classifier demonstrated 84% accuracy (36 of 43) and MCC value of 0.67, which was higher than that of any of the other in silico tools that were tested. The accuracy observed was similar to the 85% observed using leave-one-out validation ( Figure 4c ).
Structural modeling of variants
To begin to gain insight into the mechanisms through which deleterious variants affect DPD function, we mapped the locations of variants using a consensus model of human DPD based on the Figure 2 Sensitivity, specificity, and accuracy of online missense mutation functional prediction tools. a: Accuracies of the indicated prediction tools were determined using default settings (gray bars) and using thresholds that were adjusted to balance sensitivity and specificity (white bars). b: ROC curves were generated for each tool. The AUC for each tool is presented in parentheses. Figure 3 Overview of DPYD-Varifier. DPYD-Varifier was trained using relative DPD activity data obtained from in vitro experiments. DPYD and DPD sequence analysis was performed to obtain different features built on the classifier, including conservation scores, protein secondary structures, distance from domains, and amino acid biochemical properties. A random forest algorithm was utilized to obtain variant predictions and to assess feature importance to the model. ; Figure 5a ) and in close proximity to the substrate-binding site (P 5 2.2310 ; Figure 5b ). Interestingly, deleterious changes tended to be located farther from the FAD-binding site (P 5 0.049; Figure 5b ). However, after adjusting for substrate proximity using a linear model, deleterious amino acids were significantly closer to the FAD-binding site (mean distances in Å: deleterious amino acid 5 33.7Å and neutral amino acid 5 40.5Å; P 5 0.014).
The DPD protein consists of five major domains (Figure 5c ), which have been detailed previously. 26, 27 To identify amino acid changes that might interfere with binding to substrate, FeS-I, FMN, and FAD, we examined variants within 15Å of the geometric center of those sites. Deleterious variants were generally enriched near these locations. Eight deleterious and one neutral variant were located within 15Å of the substrate-coordinating site (Figure 5d) . Two deleterious variants (p.R592W and p.R592Q) were located at the same residue 14.3Å from the substrate site. Four of the six variants near the FeS-I site were deleterious (Figure 5e ), and nine of 15 variants near the FMN-interacting site impaired DPD activity (Figure 5f ). Of the FMN-proximal variants that affected the same amino acids, both p.I560S and p.I560N were deleterious, whereas neither p.V732G nor p.V732I affected DPD activity. Three deleterious and three neutral variants were detected near the FAD-binding site (Figure 5g ).
Allele frequencies of deficient variants
DPYD-Varifier permitted us, for the first time, to estimate the overall frequency of deleterious variants in various racial/ geographic groups (Figure 6a-c) . Notably, the well-studied variants *2A, p.I560S, and p.D949V were most prevalent in European and European American populations, but they were generally absent in East Asian populations. Other deleterious variants (both those identified in in vitro studies and using DPYDVarifier) were generally more prevalent as a group in African, East Asian, and South Asian populations (Figure 6a-c) . G284D  G284V  G341R  G763E  C996F  G755E  C1001G  A551T  C643F  G127R  N108K  G194D  G194V  I819S  N609T  P772L  C963Y  S817N  V129G  W650C  G123S  D424V  P197T  T962I  A513V  L741V  A405V  P866A  M1004V  R353H  S199N  A486T  Q301H  P237L  V941G  P327S  L268V  D823N  I370T  A292V  R783C  T1009A 
DISCUSSION
Variants in DPYD are generally accepted to have the potential to greatly increase the risk of severe and possibly deadly toxicity to 5-FU. Identifying the risk variants among the >450 nonsynonymous single nucleotide polymorphisms (SNPs) that have been reported in the DPYD gene 10 is of the utmost importance for identifying at-risk individuals and potentially adjusting 5-FU dose. As with most pharmacological risk variants, this task is further complicated by the lack of any outward indicators of toxicity risk until after the drug is administered. In the current study, we developed a DPYD-specific classifier (DPYD-Varifier) to predict the function of any missense DPYD variant. This model was built using in vitro DPD activity data for 156 variants. Overall, DPYD-Varifier was more accurate (85%) than other existing in silico prediction tools. Using this model, we were able to estimate the combined allele frequencies for all reported deleterious DPYD variants.
Four deleterious DPYD variants, *2A, p.I560S, p.D949V, and rs75017182, have been reproducibly associated with reduced DPD function and increased 5-FU toxicity in clinical and laboratory studies. [28] [29] [30] [31] [32] However, the expanding release of genome-and exome-level data has made it clear that the genetic diversity within the DPYD gene is far greater than previously appreciated. The clinical implications of nearly all of these newly reported variants are unknown. The primary goal of this study was to develop a highly accurate model for classifying DPYD variants. Existing in silico prediction tools rely on data from public sources, such as ClinVar 33 and the Human Gene Mutation Database (HGMD), 34 which contain a paucity of information that is specific to DPYD. Therefore, we chose to develop a classifier that included features specific to DPYD and was based on in vitro data obtained from a reproducible isogenic system. It has been previously established that features pertaining to a particular protein, such as biochemical properties and structural characteristics, are diluted as a consequence of adding additional proteins into prediction models. 35 Therefore, accuracy is expected to be higher in a protein-specific tool, 35, 36 which is consistent with the improved accuracy of DPYD-Varifier (Figures 2b, 4b,d) . The predicted phenotypes obtained from DPYD-Varifier have the potential to be of clinical benefit for carriers of rare deleterious variants (i.e., see Supplementary Table S4 ). It should be noted that the threshold for establishing deleterious/neutral status for variants was determined using in vitro data and that the clinical validity of that threshold cannot be rationally tested. Therefore, additional testing in the clinical setting (e.g., ex vivo DPD activity or posttreatment therapeutic dose monitoring) may be considered to further identify optimal therapeutic dosing for carriers of deleterious variants.
The location of altered amino acids within the protein structure can be used to better understand the mechanisms through which specific variants affect protein function. For instance, the deleterious variant p.D949V is located near the cofactor-binding region, whereas the neutral p.C29R variant is unlikely to affect cofactor or substrate interactions, as previously discussed. 37 As expected, our data demonstrate that deleterious variants are enriched at conserved amino acid residues and are generally located near important binding/coordinating sites within DPD (e.g., substrate, FeS-I, FMN; Figure 5 ). Additionally, our data show that p.K63E, one of the few variants that has been previously reported relative to the protein structure, is located 12.3Å from the FeS-II site. This proximity could indicate that p.K63E may interfere with electron shuttling between FeS sites, as has been previously suggested. 38 Unexpectedly, our data indicated that deleterious variants are more likely to be distal from the FAD-binding site (Figure 5b) . However, it was noted that the FAD-and substratebinding sites are located at opposite sides of the 3D protein structure (Figure 5c) . Therefore, we hypothesized that the strong contribution of substrate-binding proximity was masking the potential contribution of FAD-site proximity in our analyses. Consistent with this hypothesis, when the distance to substrate was treated as a covariate, deleterious variants were significantly closer to the FAD-binding site than neutral variants (P 5 0.014). Similar observations were noted for variants located in proximity to the NAPDH-binding site (data not shown).
Because distances to substrate-/cofactor-binding sites were highly important features in DPYD-Varifier, we were concerned that the model might be biased toward classifying all variants in proximity to these sites as deleterious. This, however, does not appear to be the case. Of the 36 variants that were tested within 15Å of these sites, only six were misclassified. This 17% error rate is similar to the 15% error rate for the algorithm overall. In terms of important features, there were no significant differences in conservation scores and distances to substrate-or cofactorbinding sites between correctly and incorrectly predicted variants. There also does not appear to be a bias toward false-deleterious predictions, since three false-deleterious (p.V738L, p.N151D, and p.T768K) and three false-neutral (p.M77V, p.C87F, and p.I281T) predictions were observed (Figure 5f-g ). The performance of DPYD-Varifier was similar for predicting variants that were not in close proximity to these important sites, with an error rate of 13.6%. These findings suggest that, while substrate and cofactor binding distances are important to the prediction algorithm, additional variables contribute to the performance of the overall model.
Variants that are relevant to the pharmacology of a wide variety of compounds are being identified and characterized at a steadily increasing rate. Perhaps most important, the classifier model that we developed has further elucidated the importance of population stratification as it relates to the carrier frequencies of pharmacologically relevant variants in different racial/ geographic populations. As such, our data highlight the fact that comparatively little is known regarding risk variants outside of Caucasian haplotypes, which represent the predominant study cohorts used for most clinical studies of 5-FU toxicity.
In conclusion, the integration of relevant and accurate data from computational and laboratory models into the precision medicine decision-making process has the potential to improve patient care in situations where decisive clinical data is unavailable.
METHODS Cells
HEK293T/c17 (culture CRL-11268) and HCT116 (culture CCL-247) cells were obtained from the American Type Culture Collection (ATCC, Manassas, VA). Cells were cultured in Dulbecco's Modified Eagle's Medium (DMEM; Corning, Corning, NY) supplemented with 10% fetal bovine serum (FBS; MilliporeSigma, Billerica, MA), 100 IU mL -1 penicillin (Corning), and 1% L-glutamate (Corning) in a humidified 378C incubator with 5% CO 2 atmosphere. Cells were cultured for no more than 20 total passages or 2 months, whichever occurred first. Culture identity and health were monitored by microscopy. 13 Cultures were periodically monitored for mycoplasma contamination by Hoechst staining (Sigma-Aldrich, St. Louis, MO).
Vector construction
Expression vectors were constructed as previously described. 11, 13 Briefly, variants were introduced into a DPYD expression plasmid using polymerase chain reaction (PCR)-based site-directed mutagenesis using primers reported in Supplementary Table S5 . Plasmid identity was confirmed by restriction digestion and sequencing using previously reported primers. 13 All primers were obtained from IDT (Coralville, IA), and sequencing was performed by the Mayo Clinic Cancer Center Gene Analysis Shared Resource in the Mayo Clinic Advanced Genomics Technology Center.
DPD enzyme activity measurement
The activity of recombinant DPD was measured as previously detailed.
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Transfections were performed using 1 lg of plasmid per well of a 6-well plate using X-tremeGENE HP (Roche, Indianapolis, IN) according to the manufacturer's instructions. Three individual wells were transfected in parallel for each variant (considered technical replicates). Each set of technical replicates was independently tested at least four times (considered biological replicates). Transfections for wildtype DPYD and a coding sequence mimic of the catalytically inactive variant *2A were performed in parallel for each experiment. Forty-eight hours after transfection, cell lysates were prepared, and total protein concentration (BioRad Protein Assay; BioRad, Hercules, CA) and protein expression (Bio-Dot SF; BioRad) were quantified.
Cell 14 C]-Dihydro-FU (DHFU) were separated by high-performance liquid chromatography (HPLC; Dionex/Thermo Fisher Scientific, Waltham, MA) using a reverse-phase C18 column (Grace, Columbia, MD) connected to a Radiomatic 625TR flow scintillation analyzer (PerkinElmer, Waltham, MA). 5-FU and DHFU peak area integration was performed using Chromeleon 7.2 (Thermo Scientific). DPD enzyme activity values were normalized to DPD protein expression for each variant relative to controls that were transfected and prepared in parallel, as previously described.
Cellular sensitivity to 5-FU Cell viability was monitored using the xCELLigence MP Real-Time Cell Analysis (RTCA) system (Acea Biosciences, San Diego, CA) as previously described. 13 Background impedance values for RTCA E-View plates (Acea Biosciences) were acquired using complete DMEM before plating cells. Cells were seeded at a concentration of 7,000 cells per well. Twenty-four hours after plating, 0.1 lg of expression vector was transfected using X-tremeGENE HP (Roche). Impedance values (expressed as cell index, CI, units) were recorded every 15 min. Twenty-four hours after transfection, cells were treated with 5-FU at various concentrations. CI measurements were acquired for an additional 6 days. For each experiment, wildtype DPYD and *2A mimic controls were tested in parallel.
Average of results from at least two independent experiments, consisting of three technical replicates, were used in this study.
CI values were normalized to the value that was recorded immediately following the application of drug to cells. The area under the curve for the normalized CI was determined between the treatment timepoint and the timepoint at which the untreated CI reached its maximum CI, as previously described. 13 Four Parameter Logistic (4PL) nonlinear regression analysis was used to determine IC 50 concentrations (JMP, SAS Institute, Cary, NC). Linear regression was utilized to determine the correlation between DPD activity and 5-FU IC 50 .
In silico functional prediction tools The performance of eight different prediction tools, including PRO-VEAN, 15 SIFT, 15 PolyPhen-2, 16 FATHMM, 17 PhD-SNP, 18 SNP&GO, 19 MutantAssessor, 21 and UMD-Predictor, 20 was assessed using 156 DPYD variants. The HumDiv-trained PolyPhen-2 algorithm, which has been suggested to be more accurate for predicting the effects of rare variants, 16 was used instead of the HumVar-trained model. Prediction scores were dichotomized based on the default threshold for each tool, and the prediction accuracy was determined by comparing individual variant predictions to in vitro results. The balanced measurement of qualitative outcomes prediction was also calculated as the MCC, which generates scores that range from -1 to 1. MCC is one of the elective metrics in the US Food and Drug Administration (FDA)-led MicroArray Quality Control (MAQC-II) initiative, which compares and validates predictive models in individualized medicine. 39 To further optimize the predictive ability of each tool, a new prediction score threshold was selected that balanced sensitivity and specificity. Accuracy and MCC were determined at the optimized thresholds. Additionally, ROC curves were generated to compare the performance of each tool using the AUC.
Development of a novel computational classification model for DPYD variants
The DPYD-specific computational model was developed using the Random Forest R package v. 4.6-12 (Random Forest Classification algorithm). 40 A total of 156 DPYD variants with predetermined in vitro classifications and 15 different features were used to train the model. The 2D DPD amino acid sequence alignment was utilized to obtain amino acid coordinates and map secondary structures. Conservation scores for each amino acid were determined using ConSurf (ConSeq method) as described. [41] [42] [43] A homology-based model for the human DPD structure was generated in Chimera 44 using the crystal structure for pig DPD (PDB ID 1GT8) 26 . The homology structure was used to measure distances between amino acids and 3D geometric center of substrate-, FeS-, FAD-, FMN-, or NADP-binding/coordinating regions. Changes in amino acid properties (i.e., hydropathy, isoelectric point, size, and hydrogen bond donor or acceptor status) were also included as features in the random forest model. [23] [24] [25] To minimize this potential bias from unequal sample sizes for neutral (n 5 107) and deleterious (n 5 49) variants, stratified sampling was used to generate bootstrap data for the training set. A grid search was used to determine the optimal values of parameters such as total number of trees, the number of features to use at each split, and the minimal number of samples a node can have. Gini index (measured as mean decrease in Gini coefficient), which is a measure of node purity or how well a given feature splits a given dataset, was used to evaluate feature importance. Leave-one-out cross-validation was performed to estimate DPYD-Varifier AUC and accuracy.
DPYD-Varifier was also validated using an independent set of variants. Briefly, DPYD-Varifier was used to predict the function for all DPYD variants reported in dbSNP with no known functional data available at the time. Then 25 deleterious and 25 neutral variants were randomly chosen and site directed mutagenesis performed to generate the requisite expression plasmids. The plasmid sequences for all 25 deleterious variants were confirmed, and 18 of 25 neutral variants were confirmed, following one attempt at mutagenesis. These 43 variants were used for the validation study. We did not further explore the reasons why sequencing failed for seven neutral variant expression plasmids, nor did we reattempt construction.
Structural modeling
A homology-directed model of human DPD (NP_000101.2) was generated using the crystal structure of substrate-bound porcine DPD (PDB ID 1GT8) 27 using Chimera Modeler (UCSF Chimera v. 1.8). 44 Allele frequency determination Allele frequencies were obtained from the 1000 Genomes Project, 8 NHLBI ESP, 9 and ExAc 45 databases. Details about specific populations can be found on the projects' websites. 8, 9, 45 Statistics General statistical analyses, including Pearson correlation, two-tailed ttest analyses, and linear regression model were performed using R v. 3.3.1. The probabilistic classifier for the random forest algorithm was performed using the Random Forest R package (v. 4.6-12). The AUC was computed using PRISM v. 7.0a (GraphPad Software, San Diego, CA). Data transformations and analyses of IC 50 were performed using JMP v. 9.0.3 (SAS Institute).
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